
Printed by Jouve, 75001 PARIS (FR)

(19)
EP

3 
77

9 
80

5
A

1

(Cont. next page)

*EP003779805A1*
(11) EP 3 779 805 A1

(12) EUROPEAN PATENT APPLICATION
published in accordance with Art. 153(4) EPC

(43) Date of publication: 
17.02.2021 Bulletin 2021/07

(21) Application number: 19776893.0

(22) Date of filing: 25.03.2019

(51) Int Cl.:
G06N 3/08 (2006.01) G06N 3/04 (2006.01)

G06T 7/00 (2017.01)

(86) International application number: 
PCT/JP2019/012593

(87) International publication number: 
WO 2019/189026 (03.10.2019 Gazette 2019/40)

(84) Designated Contracting States: 
AL AT BE BG CH CY CZ DE DK EE ES FI FR GB 
GR HR HU IE IS IT LI LT LU LV MC MK MT NL NO 
PL PT RO RS SE SI SK SM TR
Designated Extension States: 
BA ME
Designated Validation States: 
KH MA MD TN

(30) Priority: 26.03.2018 JP 2018058736

(71) Applicant: Panasonic Intellectual Property 
Management Co., Ltd.
Osaka-shi, Osaka 540-6207 (JP)

(72) Inventors:  
• KAMADA, Shohei

Osaka-shi, Osaka 540-6207 (JP)
• HORII, Toshihide

Osaka-shi, Osaka 540-6207 (JP)

(74) Representative: Appelt, Christian W.
Boehmert & Boehmert 
Anwaltspartnerschaft mbB 
Pettenkoferstrasse 22
80336 München (DE)

(54) PROCESSING METHOD AND PROCESSING DEVICE USING SAME

(57) A first processing unit 122 detects each of a plurality of patterns included in the image as one of families by
subjecting the image to a neural network process. An extraction unit 124 extracts a plurality of parts that include families
from the image, based on a position of the families detected. A second processing unit 126 acquires intermediate data
for an intermediate layer unique to each family, by subjecting the plurality of parts extracted to a neural network process.
A clustering unit 128 subjects the intermediate data acquired to clustering in accordance with the number of types of
pattern. A calculation unit 130 calculates a number of patterns included in each cluster that results from clustering.
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Description

[TECHNICAL FIELD]

[0001] The present disclosure relates to a processing
technology and, more particularly, to a processing meth-
od for processing an image and a processing device that
uses the processing method.

[BACKGROUND ART]

[0002] In recent years, construction drawings are eas-
ily created by using a computer-aided design (CAD) sys-
tem. However, data for construction drawings created in
different systems are not compatible with each other, and
it may not be possible to use the data when a period
elapses or the contractor is changed. This will require
quite a lot of effort to extract electric symbols from con-
struction drawings already created. To extract electric
symbols drawn on a construction drawing, a process is
performed to create outline data for an image based on
run data of image data produced by reading an image of
the construction drawing and to define outline data, for
which the degree of circularity of the outline loop for the
outline data is equal to or greater than a threshold value,
as an electric symbol (see, for example, patent literature
1).
[0003] [Patent Literature 1] JP10-111937

[SUMMARY OF INVENTION]

[TECHNICAL PROBLEM]

[0004] A neural network can be used to extract a pat-
tern such as that of electric symbols from an image such
as a construction drawing. Extraction of patterns makes
it possible to integrate a plurality of patterns included in
the image for each type of pattern. Because there are a
large number of types of pattern, however, it is difficult
to cause a neural network to learn all patterns. Mean-
while, insufficient learning reduces the accuracy of the
process.
[0005] The present disclosure addresses the above-
described issue, and an illustrative purpose thereof is to
provide a technology for inhibiting reduction in the accu-
racy of the process, while inhibiting an increase in the
volume of work required for learning at the same time.

[SOLUTION TO PROBLEM]

[0006] A processing device according to an embodi-
ment of the present disclosure is a processing device for
integrating a plurality of patterns included in an image for
each type of pattern, including: an input unit that receives
an input of an image; a first processing unit that detects
each of a plurality of patterns included in the image as
one of families that organize types of pattern, by subject-
ing the image input to the input unit to a process in a

neural network trained to learn the families as training
data, a number of families being smaller than a number
of types of pattern; an extraction unit that extracts a plu-
rality of parts that include families from the image, based
on a position of the families detected by the first process-
ing unit; a second processing unit that acquires interme-
diate data for an intermediate layer unique to each family,
by subjecting the plurality of parts extracted by the ex-
traction unit to a process in a neural network trained to
learn the families as training data, the families organizing
types of pattern, and the number of families being smaller
than the number of types of pattern; a clustering unit that
subjects the intermediate data acquired by the second
processing unit to clustering in accordance with the
number of types of pattern; and a calculation unit that
calculates a number of patterns included in each cluster
that results from clustering in the clustering unit.
[0007] Another embodiment of the present disclosure
relates to a processing method. The method is a process-
ing method for integrating a plurality of patterns included
in an image for each type of pattern, including: receiving
an input of an image; detecting each of a plurality of pat-
terns included in the image as one of families that organ-
ize types of pattern, by subjecting the image input to a
process in a neural network trained to learn the families
as training data, a number of families being smaller than
a number of types of pattern; extracting a plurality of parts
that include families from the image, based on a position
of the families detected; acquiring intermediate data for
an intermediate layer unique to each family, by subjecting
the plurality of parts extracted to a process in a neural
network trained to learn the families as training data, the
families organizing types of pattern, and the number of
families being smaller than the number of types of pat-
tern; subjecting the intermediate data acquired to clus-
tering in accordance with the number of types of pattern;
and calculating a number of patterns included in each
cluster that results from clustering.
[0008] Optional combinations of the aforementioned
constituting elements, and implementations of the
present disclosure in the form of devices, systems, com-
puter programs, recording mediums recording computer
programs, etc. may also be practiced as additional
modes of the present invention.

[ADVANTAGEOUS EFFECTS OF INVENTION]

[0009] According to the present disclosure, it is possi-
ble to inhibit reduction in the accuracy of the process,
while inhibiting an increase in the volume of work required
for learning at the same time.

[BRIEF DESCRIPTION OF DRAWINGS]

[0010]

Fig. 1 shows an image subject to the process of the
embodiment;
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Fig. 2 shows patterns and families that could be in-
cluded in the image of Fig. 1;
Figs. 3A-3B shows a configuration of the processing
device according to the embodiment;
Fig. 4 shows an outline of a process in the processing
unit of Figs. 3A-3B;
Fig. 5 shows a data structure of training data input
to the first input unit of Fig. 3A;
Figs. 6A-6B show results of the process in the
processing device of Fig. 3B;
Fig. 7 shows an outline of the process in the cluster-
ing unit of Fig. 3B; and
Fig. 8 is a flowchart showing a sequence of steps
performed in the processing device of Fig. 3B.

[DESCRIPTION OF EMBODIMENTS]

[0011] A summary will be given before describing the
embodiment of the present disclosure in specific details.
The embodiment relates to a processing device that re-
fers to a construction drawing showing a plurality of elec-
tric symbols and integrates the count for each type of
electric symbol. It is possible to use a neural network to
improve the precision of extraction of electric symbols
from a construction drawing. However, there are as many
as several tens of types of electric symbol, and there are
also electric symbols having similar shapes. For this rea-
son, it is difficult to cause a neural network to learn all
electric symbols, and a false determination may be yield-
ed when a new electric symbol occurs. A false determi-
nation may be yielded due also to insufficient learning.
[0012] To address this, this embodiment takes advan-
tage of the fact that a plurality of patterns are organized
into groups fewer than the number of types of electric
symbol, by aggregating electric symbols having similar
shapes into a group. Hereinafter, electric symbols are
referred to as "patterns", a group is referred to as a "fam-
ily", and a construction drawing is referred to as an "im-
age". For example, patterns are organized into three fam-
ilies including intercom family, differential smoke detector
family, and photoelectric smoke detector family. In this
condition, the neural network in the processing device is
configured to learn these families. When an image is input
to the processing device, families shown in the image
are detected by the process in the neural network, and
the positions of the families are identified. The processing
device extracts those parts that include families from the
image, based on the positions of the families. Further,
the processing device outputs intermediate data for a
particular intermediate layer by performing a neural net-
work process in each extracted part. Further, the
processing device clusters the intermediate data and
then calculates the number of patterns included in each
cluster.
[0013] Fig. 1 shows an image 10 subject to the process.
An example of the image 10 is a construction drawing,
as mentioned above. The image 10 include a first pattern
20a through a 26th pattern 20z, which are generically

referred to as patterns 20, a 27th pattern 20aa, a 28th
pattern 20ab, a 29th pattern 20ac, and a 30th pattern
20ad. Each pattern 20 is an electric symbol. It is assumed
that a total of "30" patterns 20 are included in the image
10, but the number of patterns is not limited to this. A
different shape of the pattern 20 signifies a different elec-
tric symbol and so corresponds to a different device. For
example, the fifth pattern 20e and the sixth pattern 20f
have the same shape, and the fifth pattern 20e and the
first pattern 20a have different shapes. To draft a quota-
tion based on the image 10 like this, it is necessary to
count the number of patterns 20 for each type of the pat-
tern 20. The larger the size of the image 10 and the larger
the number of patterns 20 included in the image 10, the
greater the effort required for the work.
[0014] Fig. 2 shows patterns 20 and families that could
be included in the image 10. Patterns 20 having similar
shapes are defined for similar devices. In this case, pat-
terns 20 having similar shapes are aggregated in a family.
As illustrated, three families including intercom family,
differential smoke detector family, and photoelectric
smoke detector family are defined. Further, the intercom
family includes a first intercom 30a through a fourth in-
tercom 30d, which are generically referred to as inter-
coms 30. The differential smoke detector family includes
a first differential smoke detector 32a through a sixth dif-
ferential smoke detector 32f, which are generically re-
ferred to as differential smoke detectors 32. The photo-
electric smoke detector family includes a first photoelec-
tric smoke detector 34a through a sixth photoelectric
smoke detector 34f, which are generically referred to as
photoelectric smoke detectors 34. Each of the intercom
30, the differential smoke detector 32, and the photoe-
lectric smoke detector 34 is one of the patterns 20. For
example, the first pattern 20a of Fig. 1 is the second in-
tercom 30b, and second pattern 20b is the sixth photo-
electric smoke detector 34f. It can thus be said that the
family organizes the types of pattern 20. Further, the
number of types of family is smaller than the number of
types of pattern 20.
[0015] Figs. 3A-3B shows a configuration of the
processing device 100. In particular, Fig. 3A shows a
configuration for a learning process, and Fig. 3B shows
a configuration for an integration process. An integration
process is a process of integrating the plurality of patterns
20 included in the image 10 for each type of pattern 20,
while organizing the patterns 20 into families, by using a
neural network in the image 10. The processing device
100 in Fig. 3A may be identical to or different from the
processing device 100 in Fig. 3B.
[0016] The processing device 100 includes, as fea-
tures for a learning process, a first input unit 110, a sec-
ond input unit 112, and a processing unit 114, and in-
cludes, as features for an integration process, an input
unit 120, a processing unit 114, an extraction unit 124, a
clustering unit 128, a calculation unit 130, and an output
unit 132. Further, the processing unit 114 includes a first
processing unit 122 and a second processing unit 126.
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The processing unit 114 is used in a learning process,
and the processing unit 114 is used in an integration proc-
ess. The configuration of the processing unit 114 will be
described before describing the configuration of the
processing device 100.
[0017] Fig. 4 shows an outline of a process in the
processing unit 114. The processing unit 114 includes a
first convolutional layer 142a, a second convolutional lay-
er 142b, a third convolutional layer 142c, a fourth convo-
lutional layer 142d, a fifth convolutional layer 142e, a sixth
convolutional layer 142f, which are generically referred
to as convolutional layers 142, a first pooling layer 144a,
a second pooling layer 144b, a third pooling layer 144c,
a fourth pooling layer 144d, a fifth pooling layer 144e,
which are generically referred to as pooling layers 144.
The convolutional layers 142 and the pooling layers 144
are shown as blocks to give an image of the respective
processes. An input image 140 is an image subject to
the process in the processing device 100. The neural
network in the processing unit 114 does not include a
fully connected layer so that a limit to the size of the input
image 140 is not provided. For this reason, the input im-
age 140 may be the image 10 mentioned above. The
input image 140 is input to the first convolutional layer
142a.
[0018] Each convolutional layer 142 is shown as a hex-
ahedron. The size of the square surface of the convolu-
tional layer 142 having a depth direction and a height
direction indicates the size of the spatial dimension of
the image processed by the convolutional layer 142, i.e.,
the size of the image. The convolutional layer 142 sub-
jects the image to spatial filtering, successively shifting
a spatial filter of a size smaller than the size of the image.
Spatial filtering is a publicly known technology, and a
description thereof is omitted. Spatial filtering is equiva-
lent to a convolutional process. The convolution process
extracts a feature amount of the image. Padding, etc.
may be performed in the convolutional layer 142. The
convolutional layer 142 may also use a plurality of spatial
filters in parallel and perform a plurality of spatial filtering
steps in parallel in the image. Using a plurality of spatial
filters in parallel increases the image. The number of spa-
tial filters used in parallel in the convolutional layer 142
is referred to as the number of channels, which is indi-
cated by the length of the convolutional layer 142 in the
horizontal direction.
[0019] Each pooling layer 144 is configured in a man-
ner similar to that of the convolutional layer 142. The
pooling layer 44 reduces the size of the image by aggre-
gating a plurality of pixels included in an arbitrary region
in the image into a single pixel. For aggregation of a plu-
rality of pixels into a single pixel, average pooling or max-
imum pooling is performed. In average pooling, an aver-
age value of a plurality of pixel values in the region is
used for the single pixel. In maximum pooling, the max-
imum value of a plurality of pixel values in the region is
used for the single pixel. A pooling process is performed
to reinforce the robustness for translation of a represent-

ative value or an average value in the region of interest.
[0020] In this case, the first convolutional layer 142a,
the first pooling layer 144a, the second convolutional lay-
er 142b, the second pooling layer 144b, the third convo-
lutional layer 142c, the third pooling layer 144c, the fourth
convolutional layer 142d, the fourth pooling layer 144d,
the fifth convolutional layer 142e, the fifth pooling layer
144e, and the sixth convolutional layer 142f are arranged
in the stated order. In other words, a convolutional proc-
ess and a pooling process are repeated. By repeating a
convolutional process and a pooling process, the size of
the image is progressively reduced. The sixth pooling
layer 144f outputs an image having one or more channels
(hereinafter, referred to as an "output image"). In this
case, the number of channels of the output image is as-
sumed to be "3" by way of one example.
[0021] Based on the configuration of the processing
unit 114 as described above, a description will now be
given of the learning process in the processing device
100 with reference to Fig. 3A. The first input unit 110
receives training data that yields a known output image,
and the second input unit 112 receives an image for learn-
ing corresponding to the training data received in the first
input unit 110. The processing unit 114 has the configu-
ration of Fig. 4, and a coefficient of the spatial filter of
each convolutional layer 142 is learned, based on the
training data received in the first input unit 110 and the
image for learning received in the second input unit 112.
[0022] The image for learning includes patterns 20 se-
lected from the intercoms 30, the differential smoke de-
tectors 32, and the photoelectric smoke detectors 34. In
the case the image for leaning includes the intercoms
30, the training data is the intercom family. In the case
the image for learning includes the differential smoke de-
tectors 32, the training data is the differential smoke de-
tector family. In the case the image for learning includes
the photoelectric smoke detectors 34, the training data
is the photoelectric detector family. Fig. 5 shows a data
structure of training data input to the first input unit 110.
The training data has three channels. One of the intercom
family, the differential smoke detector family, and the
photoelectric smoke detector family is presented in ac-
cordance with the image for learning.
[0023] In other words, the size of the training data has
a 131 spatial dimension. Therefore, the training data
does not have positional information on the patterns 20
that is included in the image for learning. The training
data for one channel merely shows one of the intercom
family, the differential smoke detector family, and the
photoelectric smoke detector family. Meanwhile, the im-
age for learning is an original image that results in an
output of the training data when the image recognition
process is performed accurately, and its size is defined
to result in a 131 spatial dimension of the training data.
Since a limit to the size of the input image 140 is not
provided, the image for learning and the input image 140
may have different sizes. For learning of a coefficient of
the spatial filter under a situation like this where training
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data and an image for learning are used, a publicly known
technology may be used so that a description thereof is
omitted.
[0024] A description will now be given of the integration
process in the processing device 100 with reference to
Fig. 3B. In the case the processing devices 100 in Fig.
3A and in Fig. 3B are configured as different devices, the
coefficient of the spatial filter derived by learning in the
processing unit 114 in Fig. 3A is set in the processing
unit 114 in Fig. 3B.
[0025] The input unit 120 receives the image 10. It is
assumed here that the size of the image 10 is larger than
the size of the image for learning. The input unit 120
outputs the image 10 to the first processing unit 122. The
first processing unit 122 receives the image 10 from the
input unit 120. The first processing unit 122 has a con-
figuration shown in Fig. 4. The received image 10 corre-
sponds to the input image 140. Therefore, the image 10
will be referred to as the input image 140 hereinafter. The
first processing unit 122 subjects the input image 140 to
a process in a convolutional neural network in which a
fully connected layer is excluded. In the convolutional
neural network in the first processing unit 122, the spatial
filter of the convolutional layer 142 is trained to learn train-
ing data for families, the number of families being smaller
than the number of types of pattern 20. In particular, the
spatial filter of the convolutional layer 142 is trained to
learn families corresponding to three channels one for
one. This causes the first processing unit 122 to detect
each of the plurality of patterns 20 included in the image
10 as one of the families. As mentioned above, the size
of the image 10 is larger than the size of the image for
learning. Therefore, the first processing unit 122 also de-
tects the positions of the families. Figs. 6A-6B show re-
sults of the process in the processing device 100. Fig.
6A lists the count of each family detected when the image
10 of Fig. 1 is subjected to the process in the first process-
ing unit 122. Fig. 6B will be described later, and reference
is made back to Fig. 3B. The first processing unit 122
outputs a plurality of combinations each including the
family and the position detected.
[0026] The extraction unit 124 receives the plurality of
combinations from the first processing unit 122. The ex-
traction unit 124 acquires from each combination the fam-
ily and the position detected and extracts from the image
10 a part that includes the pattern 20 corresponding to
the family. The part has an arbitrary shape and an arbi-
trary size around the pattern 20 corresponding to the fam-
ily. The size of the part is smaller than the size of the
image 10. Further, the size of the part may be larger than
the size of the image for learning. Through this process,
the extraction unit 124 extracts a plurality of parts. The
extraction unit 124 outputs the plurality of parts to the
second processing unit 126.
[0027] Because the second processing unit 126
shares a neural network with the first processing unit 122
and so uses the neural network used in the first process-
ing unit 122. The second processing unit 126 subjects

the plurality of parts extracted by the extraction unit 124
to a neural network process. The neural network process
is the same as the process in the first processing unit
122, and a description thereof is omitted. As shown in
Fig. 4, the second processing unit 126 acquires interme-
diate data 148 for an intermediate layer unique to each
part. The intermediate data 148 is data output from an
intermediate layer that precedes the output of the second
processing unit 126 by one or two steps and is presented
as n-dimensional data like (v1, v2, ... vn). The second
processing unit 126 outputs the intermediate data 148 to
the clustering unit 128 for each part, i.e., for each family
detected.
[0028] The clustering unit 128 subjects a plurality of
items of intermediate data 148 acquired by the second
processing unit 126 to clustering in accordance with the
number of types of pattern 20. For clustering, K-means
method, self-organizing map, minimum average vari-
ance method, nearest neighbor method, minimum dis-
tance method, K-nearest neighbor method, Ward meth-
od, etc. can be used. These are publicly known technol-
ogies, and a description thereof is omitted.
[0029] Fig. 7 shows an outline of the process in the
clustering unit 128. For clarity of explanation, it is hypoth-
esized here that the intermediate data 148 is two-dimen-
sional data denoted by (v1, v2). The clustering unit 128
places the plurality of items of intermediate data 148 in
an orthogonal coordinate system having v1 and v2 axes.
The clustering unit generates a first cluster 150a through
an 11th cluster 150k, generically referred to as clusters
150, by subjecting the plurality of items of intermediate
data 148 placed in the orthogonal coordinate system to
clustering. Each cluster 150 corresponds to one of the
patterns 20. For example, the first cluster 150a corre-
sponds to the second intercom 30b. Reference is made
back to Fig. 3B.
[0030] The calculation unit 130 calculates the number
of patterns 20 included in each cluster resulting from clus-
tering in the clustering unit 128. Fig. 6B shows a calcu-
lation result in the calculation unit 130. The calculation
identifies one second intercom 30b and eight second dif-
ferential smoke detectors 32b. Reference is made back
to Fig. 3B. The output unit 132 outputs the calculation
result in the calculation unit 130.
[0031] The device, the system, or the entity that exe-
cutes the method according to the disclosure is provided
with a computer. By causing the computer to run a pro-
gram, the function of the device, the system, or the entity
that executes the method according to the disclosure is
realized. The computer is comprised of a processor that
operates in accordance with the program as a main hard-
ware feature. The disclosure is non-limiting as to the type
of the processor so long as the function is realized by
running the program. The processor is comprised of one
or a plurality of electronic circuits including a semicon-
ductor integrated circuit (IC) or a large-scale integration
(LSI). The plurality of electronic circuits may be integrated
in one chip or provided in a plurality of chips. The plurality
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of chips may be aggregated in one device or provided in
a plurality of devices. The program is recorded in a non-
transitory recording medium such as a computer-reada-
ble ROM, optical disk, and hard disk drive. The program
may be stored in a recording medium in advance or sup-
plied to a recording medium via wide area communication
network including the Internet.
[0032] A description will now be given of the operation
of the processing device 100 having the configuration
described above. Fig. 8 is a flowchart showing a se-
quence of steps performed in the processing device 100.
The input unit 120 receives an input of the image 10
(S10). The first processing unit 122 detects families
(S12). The extraction unit 124 extracts parts that include
families (S14). The second processing unit 126 acquires
the intermediate data 148 for the intermediate layers
(S16). The clustering unit 128 performs clustering (S18).
The calculation unit 130 calculates the number of pat-
terns 20 (S20).
[0033] According to this embodiment, the parts that in-
clude families detected from the image 10 are subjected
to a neural network process. Therefore, the impact from
those features included in the image 10 other than the
patterns 20 is reduced. Further, since the impact from
those features included in the image 10 other than the
patterns 20 is reduced, the precision of the process is
improved. Since the intermediate data 148 in the neural
network process is acquired, the volume information is
increased. Further, since the volume of information is
increased, the precision of the process is improved. Fur-
ther, since the number of patterns 20 included in each
cluster 150 is calculated by subjecting the intermediate
data 148 to clustering, it is possible to inhibit reduction
in the accuracy of the process, while inhibiting an in-
crease in the volume of work required for learning.
[0034] Further, since the intermediate data 148 for an
intermediate layer that precedes the output by one or two
steps is acquired, it is possible to acquire highly accurate
data having a large volume of information is acquired.
Further, since the second processing unit 126 uses the
neural network used in the first processing unit 122, the
result of leaning can be shared. Further, since a convo-
lutional neural network in which the spatial filter of the
convolutional layer 142 is trained to learn training data
having a 131 spatial dimension is used, the volume of
work required to create the training data is reduced. Fur-
ther, since the volume of work required to create the train-
ing data is reduced, it is possible to inhibit an increase in
the volume of work required for learning. Further, since
the volume of work required to create training data is
reduced, the number of items of training data is in-
creased. Further, since the number of items of training
data is increased, the precision of learning is improved.
[0035] One embodiment of the present disclosure is
summarized below. A processing device (100) according
to an embodiment of the present disclosure is a process-
ing device (100) for integrating a plurality of patterns in-
cluded in an image (10) for each type of pattern, com-

prising: an input unit (120) that receives an input of an
image (10); a first processing unit (122) that detects each
of a plurality of patterns (20) included in the image (10)
as one of families that organize types of pattern (20), by
subjecting the image (10) input to the input unit (120) to
a process in a neural network trained to learn the families
as training data, a number of families being smaller than
a number of types of pattern (20); an extraction unit (124)
that extracts a plurality of parts that include families from
the image (10), based on a position of the families de-
tected by the first processing unit (122); a second
processing unit (126) that acquires intermediate data
(148) for an intermediate layer unique to each family, by
subjecting the plurality of parts extracted by the extraction
unit (124) to a process in a neural network trained to learn
the families as training data, the families organizing the
types of pattern (20), and the number of families being
smaller than the number of types of pattern (20); a clus-
tering unit (128) that subjects the intermediate data (148)
acquired by the second processing unit (126) to cluster-
ing in accordance with the number of types of pattern
(20); and a calculation unit (130) that calculates a number
of patterns (20) included in each cluster (150) that results
from clustering in the clustering unit (128) .
[0036] The second processing unit (126) may acquire
intermediate data (148) for an intermediate layer that pre-
cedes an output by one or two steps.
[0037] The second processing unit (126) may use the
neural network used in the first processing unit (122).
[0038] The neural network used in the first processing
unit (122) and the second processing unit (126) may in-
clude a convolutional layer (142) and a pooling layer
(144) and may be a convolutional neural network in which
a fully connected layer is excluded, and a filter in the
convolutional layer (142) in the convolutional neural net-
work may be trained to learn a processing result having
a 131 spatial dimension.
[0039] Another embodiment of the present disclosure
relates to a processing method. The method is a process-
ing method for integrating a plurality of patterns (20) in-
cluded in an image (10) for each type of pattern (20),
comprising: receiving an input of an image (10); detecting
each of a plurality of patterns (20) included in the image
(10) as one of families that organize types of pattern (20),
by subjecting the image (10) input to a process in a neural
network trained to learn the families as training data, a
number of families being smaller than a number of types
of pattern (20); extracting a plurality of parts that include
families from the image (10), based on a position of the
families detected; acquiring intermediate data (148) for
an intermediate layer unique to each family, by subjecting
the plurality of parts extracted to a process in a neural
network trained to learn the families as training data, the
families organizing the types of pattern (20), and the
number of families being smaller than the number of
types of pattern (20); subjecting the intermediate data
(148) acquired to clustering in accordance with the
number of types of pattern (20); and calculating a number
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of patterns (20) included in each cluster (150) that results
from clustering.
[0040] Described above is an explanation based on an
exemplary embodiment. The embodiment is intended to
be illustrative only and it will be understood by those
skilled in the art that various modifications to constituting
elements and processes could be developed and that
such modifications are also within the scope of the
present disclosure.
[0041] The processing unit 114 according to the em-
bodiment is configured such that the plurality of convo-
lutional layers 42 and the plurality of pooling layers 44
are alternately arranged. Alternatively, however, the
processing unit 114 may have a configuration of a Goog-
leNet-based network, a DenseNet-based network, etc.
According to this variation, the flexibility in configuration
can be improved.
[0042] In the processing unit 114 according to this em-
bodiment, a convolutional neural network in which a fully
connected layer is excluded, i.e., a fully convolutional
neural network, is used. Alternatively, however, a con-
volutional neural network in which a fully connected layer
is included may be used, for example. In this case, the
size of an image that should be input to the input unit 120
is fixed so that the image 10 is split into a fixed size and
is input to the input unit 120. According to this variation,
the flexibility in configuration can be improved.

[INDUSTRIAL APPLICABILITY]

[0043] According to the present disclosure, it is possi-
ble to inhibit reduction in the accuracy of the process,
while inhibiting an increase in the volume of work required
for learning at the same time.

[REFERENCE SIGNS LIST]

[0044] 10 image, 20 pattern, 30 intercom, 32 differen-
tial smoke detector, 34 photoelectric smoke detector, 100
processing device, 110 first input unit, 112 second input
unit, 114 processing unit 114, 120 input unit, 122 first
processing unit, 124 extraction unit, 126 second process-
ing unit, 128 clustering unit, 130 calculation unit, 132 out-
put unit, 140 input image, 142 convolutional layer, 144
pooling layer

Claims

1. A processing device for integrating a plurality of pat-
terns included in an image for each type of pattern,
comprising:

an input unit that receives an input of an image;
a first processing unit that detects each of a plu-
rality of patterns included in the image as one
of families that organize types of pattern, by sub-
jecting the image input to the input unit to a proc-

ess in a neural network trained to learn the fam-
ilies as training data, a number of families being
smaller than a number of types of pattern;
an extraction unit that extracts a plurality of parts
that include families from the image, based on
a position of the families detected by the first
processing unit;
a second processing unit that acquires interme-
diate data for an intermediate layer unique to
each family, by subjecting the plurality of parts
extracted by the extraction unit to a process in
a neural network trained to learn the families as
training data, the families organizing the types
of pattern, and the number of families being
smaller than the number of types of pattern;
a clustering unit that subjects the intermediate
data acquired by the second processing unit to
clustering in accordance with the number of
types of pattern; and
a calculation unit that calculates a number of
patterns included in each cluster that results
from clustering in the clustering unit.

2. The processing device according to claim 1, wherein
the second processing unit acquires intermediate
data for an intermediate layer that precedes an out-
put by one or two steps.

3. The processing device according to claim 1 or 2,
wherein
the second processing unit uses the neural network
used in the first processing unit.

4. The processing device according to claim 3, wherein
the neural network used in the first processing unit
and the second processing unit includes a convolu-
tional layer and a pooling layer and is a convolutional
neural network in which a fully connected layer is
excluded, and a filter in the convolutional layer in the
convolutional neural network is trained to learn a
processing result having a 131 spatial dimension.

5. A processing method for integrating a plurality of pat-
terns included in an image for each type of pattern,
comprising:

receiving an input of an image;
detecting each of a plurality of patterns included
in the image as one of families that organize
types of pattern, by subjecting the image input
to a process in a neural network trained to learn
the families as training data, a number of families
being smaller than a number of types of pattern;
extracting a plurality of parts that include families
from the image, based on a position of the fam-
ilies detected;
acquiring intermediate data for an intermediate
layer unique to each family, by subjecting the
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plurality of parts extracted to a process in a neu-
ral network trained to learn the families as train-
ing data, the families organizing the types of pat-
tern, and the number of families being smaller
than the number of types of pattern;
subjecting the intermediate data acquired to
clustering in accordance with the number of
types of pattern; and
calculating a number of patterns included in
each cluster that results from clustering.
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